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Abstract
The amount of cortical folding, or gyrification, is typically measured within local cortical regions 
covered by an equidistant geodesic or nearest neighborhood-ring kernel. However, without careful 
design, such a kernel can easily cover multiple sulcal and gyral regions that may not be 
functionally related. Furthermore, this can result in smoothing out details of cortical folding, 
which consequently blurs local gyrification measurements. In this paper, we propose a novel 
kernel shape to locally quantify cortical gyrification within sulcal and gyral regions. We adapt 
wavefront propagation to generate a spatially varying kernel shape that encodes cortical folding 
patterns: neighboring gyral crowns, sulcal fundi, and sulcal banks. For that purpose, we perform 
anisotropic wavefront propagation that runs fast along the gyral crowns and sulcal fundi by solving 
a static Hamilton-Jacobi partial differential equation. The resulting kernel adaptively elongates 
along gyral crowns and sulcal fundi, while keeping a uniform shape over flat regions like the 
sulcal banks. We then measure local gyrification within the proposed spatially varying kernel. The 
experimental results show that the proposed kernel-based gyrification measure achieves a higher 
reproducibility than the conventional method in a multi-scan dataset. We further apply the 
proposed kernel to a brain development study in the early postnatal phase from neonate to 2 years 
of age. In this study we find that our kernel yields both positive and negative associations of 
gyrification with age, whereas the conventional method only captures positive associations. In 
general, our method yields sharper and more detailed statistical maps that associate cortical 
folding with sex and gestational age.
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1. Introduction
Cortical gyrification is a dynamic process involving cortical expansion, sharpening of gyri 
and deepening of sulci in early brain development, followed by flattening and opening of 
sulci and narrowing of gyral crowns with aging (Zilles et al., 1988, 1989; Armstrong et al., 
1995). The process of gyrification is often studied from a maturational perspective by 
tracing global or local developmental trajectories over time. Additionally, it has been shown 
that local cortical gyrification is related to brain development (Zilles et al., 1988; Armstrong 
et al., 1995; Luders et al., 2004; Lui et al., 2011; Li et al., 2014b; Kim et al., 2016) and 
pathological disorders (Schmitt et al., 2002; Harris et al., 2004; Gaser et al., 2006; Schaer et 
al., 2008; Lebed et al., 2013). A key component that varies across cortical folding studies is 
the definition of cortical regions over which the gyrification quantified. The main challenge 
in that regional definition is the cortex shape and its folding, which are highly complex and 
variable
Initial attempts to quantify cortical gyrification were made by observations of cortical 
folding changes during mammalian evolution from postmortem data (Jerison, 1961; Elias 
and Schwartz, 1969). These studies assumed that the cortical surface was deformed from an 
initial simple zero order surface (outer hull) during evolution. In later work (Zilles et al., 
1988; Moorhead et al., 2006), the gyrification index was developed to quantitatively measure 
the cortical folding by computing a ratio between the pial and outer-hull perimeters on a 
slice-by-slice basis from structural T1-weighted MR images. Although this provides an 
intuitive interpretation of cortical folding by globally capturing the amount of overall 
cortical folding, the slice-wise 2D analysis is inherently biased by the cutting plane selection 
and is expected to underestimate the cortical folding as complex folded sulci are unlikely 
captured in a single 2D slice. Consequently, approaches have shifted to a 3D surface-based 
representation (Dale et al., 1999; Van Essen et al., 2001) that provides a better estimation of 
cortical surface shape. Several investigations have been made based on various geometric 
representations of cortical folding rather than gyrification index. In Gaser et al. (2006), local 
mean curvatures computed over the entire cortex were employed as a surrogate local 
measurements of cortical folding. Batchelor et al. (2002) investigated several different 
geometric properties as measures of cortical folding. These geometric representations of 
cortical folding are well defined and readily available. However, they only provide local 
shape changes within immediate neighborhood of each surface location (commonly within 
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less than 1 mm range), and thus they do not provide any folding properties on the scale of a 
single or multiple sulci and gyri.
To improve global or immediate neighborhood folding measures, the concept of a kernel 
(patch) has been introduced to define a (relatively large) local cortical region over which the 
cortical folding measure is computed. In this context, a 3D local gyrification index has been 
proposed as an area ratio between the outer hull and the pial surface (Toro et al., 2008; 
Schaer et al., 2008; Su et al., 2013; Lebed et al., 2013; Li et al., 2014b). In this approach, 
regional quantification of cortical folding is obtained by computing the corresponding 
average within a local region of the cortex being covered by a geodesic kernel. Similarly, 
Kim et al. (2016) proposed a novel folding measure called surface complexity index that 
captures the variability of the local cortical shape within a local region. In all these 
approaches, regional quantification of cortical folding is obtained by computing the 
corresponding average within a local region as defined by a kernel. The standard way to 
define such a kernel employs an Euclidean sphere (Toro et al., 2008; Schaer et al., 2008), 
geodesic distance (Gaser et al., 2006; Kim et al., 2016), nearest neighborhood-ring (Lebed et 
al., 2013; Li et al., 2014b) or ROIs (Su et al., 2013) (see Fig. 1 for example kernel shapes).
In general, simple local kernel-based approaches tend to describe global cortical folding 
patterns reasonably well but do not incorporate the fine details of local cortical shape. Such 
simple kernel-based measures are sensitive to the kernel size and the quality of surface 
reconstruction (e.g., degree of surface tessellation). For example, an overly large kernel is 
employed to completely cover deeply buried sulcal fundi such as the Sylvian fissure, which 
sacrifices sensitivity (Toro et al., 2008; Schaer et al., 2008; Li et al., 2014b). Moreover, as 
these methods do not take into account any prior knowledge of sulcal or gyral regions, the 
kernels merge and eventually smooth out cortical folding measures across multiple sulci 
over the cortex into a single measurement. Such smoothed multi-sulcal and gyral folding 
measures may result in non-optimal cortical folding analyses, as cortical regions within a 
single sulcus (gyrus) are more functionally related than those across multiple sulci (gyri) 
(Power et al., 2011; Wig et al., 2014). Though Lebed et al. (2013) used a small kernel to 
improve sensitivity, the small kernel cannot sufficiently cover a highly variable sulcus (e.g., 
sulcal width or depth). Therefore, a main challenge with the conventional approaches is to 
determine a proper kernel shape and its size to stay in a single sulcus (gyrus) without 
significant loss of sensitivity. To date, an investigation into optimal kernel size and shape has 
not been conducted, and none of the conventional methods currently capture folding patterns 
appropriately across the entire cortical surface.
In this paper, we propose a novel cortical shape-adaptive kernel for cortical folding analyses 
with the aim of generating more biologically plausible results as shown in Fig. 1c. Inspired 
by findings of functional homogeneity within sulci or gyri (Power et al., 2011; Wig et al., 
2014), we design the proposed kernel to be spatially varying at sulcal fundi (valleys), gyral 
crowns (ridge-like regions), and sulcal banks (flat regions). The shape of this kernel is 
locally adapted in the following way:
• At sulcal fundi and gyral crowns: an elongated kernel along the sulcal fundi and 
gyral crowns
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• At sulcal banks: an isotropic kernel that uniformly covers sulcal banks
In this way, the proposed kernel is more likely to stay along a single sulcus (gyrus) than the 
conventional kernel even with a sufficiently large kernel size as shown in Fig. 1c. To control 
the kernel shape, we model its behavior as wavefront propagation over the cortical surface, 
which encodes the cortical folding properties described above. This necessitates the 
anisotropic wavefront propagation being performed on the cortical surface with fast 
propagation speed along the gyral crowns and sulcal fundi. We then employ the proposed 
kernel to compute a local gyrification index though it would also be well suited for other 
applications that summarize cortical regional measures. This paper extends our previous 
work (Lyu et al., 2017) in the following ways: 1) we provide a detailed description of the 
proposed method, 2) methodological evaluation is included, and 3) we report an 
investigation into associations between morphological brain development and several 
demographic effects (age, sex, gestational age) during the early postnatal period from shortly 
after birth through the first 2 years of age. Figure 2 illustrates a schematic overview of the 
proposed pipeline.
2. Background - Wavefront Propagation
We briefly review concepts of the wavefront propagation that controls the proposed kernel 
shape. More technical details are discussed in review literatures (Sethian and Vladimirsky, 
2003; Jackowski et al., 2005). In our problem setting, we constrain the domain to be a 
cortical surface (2-manifold) and focus on speed on its tangent space. Given a surface Ω and 
its boundary ∂Ω, the minimum travel-time from one (or multiple) source ∈ ∂Ω to a point x ∈ 
Ω, u(x), follows the propagation equation for ∃F ∈ ℝ+:
∇u x F x, ∇u x∇u x = 1, x ∈ Ω ⊂ ℝ
2,
u x = 0, x ∈ ∂ Ω ,
(1)
where F is a positive real-valued propagation speed function. Such a formulation of the 
wavefront propagation is a static Hamilton-Jacobi partial differential equation (H-J PDE). A 
special case of the H-J PDE is known as the eikonal equation that solves the wavefront 
propagation with a constant speed function along every direction. Like several applications 
(curvature-based speed (Osher and Sethian, 1988), diffusion tensor (Jackowski et al., 2005)), 
we consider a special form of 2 × 2 tensor matrix M(x) on the tangent plane such that
F x, ∇u x∇u x =
∇u x T
∇u x M x
∇u x
∇u x . (2)
If M is symmetric and positive, M is of an elliptic form along its eigenvectors. The 
wavefront propagation behaves according to the design of the tensor matrix M. In this sense, 
geodesic distances on manifolds can be obtained via wavefront propagation modeled by a 
static H-J PDE. If the velocity at each vertex has unit speed, the travel-time is essentially 
equivalent to the geodesic distance; they are interchangeable. Therefore, by setting F = 1 (or 
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M = I), the isotropic propagation at unit speed produces a geodesic distance map to all 
locations of Ω.
Although efficient Dijkstra-like solvers called fast marching (Tsitsiklis, 1995; Sethian, 1996) 
are well developed for solving the eikonal equation, general H-J PDEs cannot be directly 
solved using that solver because the characteristics of the PDEs do not coincide with its 
gradients (Sethian and Vladimirsky, 2003). As pointed out in Jackowski et al. (2005), 
therefore, PDEs with proper initial boundary conditions are classically solved by 
decomposing them into an independent system of ordinary differential equations by the 
method of characteristics (Ockendon, 2003). However, this classic solution may not exist 
because the PDEs develop a discontinuity without smoothing constraints. Several alternative 
numerical approaches to a viscosity solution equipped with additional smoothing term are 
available as well. Single-pass approaches (Sethian and Vladimirsky, 2003) solve H-J PDEs 
along the characteristic directions, whereas iterative approaches (Kao et al., 2004; Qian et 
al., 2007) do in a number of pre-defined directions.
In this work, we use the ordered upwind method having O(γN log N) complexity akin to 
Dijkstra’s shortest path finding, where N is the number of discrete points over Ω with an 
upper bound of its anisotropy coefficients γ, proposed by Sethian and Vladimirsky (2003). 
Briefly, at a given point to be updated, the anisotropy coefficient is employed to estimate the 
possible numerical domain of dependency.
3. A New Measure for Local Cortical Gyrification
Our objective is to design a cortical kernel that adaptively incorporates cortical folding 
patterns. In order to create the desired kernel, we perform wavefront propagation over the 
cortical surface. In this context, the desirable kernel is defined as follows:
• At sulcal fundi and gyral crowns: anisotropic speed faster along the ridges and 
valleys
• At sulcal banks: isotropic speed in every direction
For that purpose, we design a tensor field for the wavefront propagation over the cortical 
surface in four main steps: 1) sulcal and gyral region segmentation via sulcal and gyral curve 
extraction (Lyu and Kim, 2015), 2) cortical region segmentation by computing the geodesic 
distance (= travel-time) between the sulcal and gyral regions, 3) tensor computation from the 
travel-time map, and 4) shape-adaptive kernel creation by performing the wavefront 
propagation over the tensor field. In this framework, we solve respective H-J PDEs for the 
cortical region segmentation and kernel creation. Figure 3 illustrates an overview of the 
tensor field computation. The proposed local gyrification index is then computed within the 
proposed kernel as an area ratio of the cortical surface and the outer hull. The next sections 
focus on the description of the outer hull surface creation and the steps of the kernel 
creation.
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3.1. Outer Hull Creation and Correspondence Establishment
From the pial surface Ω of a subject, we first create the outer hull and establish a surface 
correspondence between them. As proposed in Kao et al. (2007), an outer hull that tightly 
envelops the pial surface is generated by applying a morphological closing operation to a 
binary volume of the pial surface. Here, we follow the same parameter setting of the 
morphological operation (a sphere of 15 mm diameter) as used in Schaer et al. (2008). 
Similar to several studies (Jones et al., 2000; Li et al., 2014b), we then apply the Laplace-
based surface evolution method (Lee et al., 2016) to trace sub-voxel accuracy trajectories 
from the pial surface to the outer hull for correspondence establishment. Such a Laplace-
based method guarantees a bijective, smooth correspondence and no intersections across 
trajectories. Starting from the pial surface vertices, we collect the endpoints of these 
trajectories touching the outer hull volume to obtain the outer hull surface. Let H denote the 
outer hull surface for the remainder of this paper. In the experiment, we used the same voxel 
size for the binary surface representation as the input volume. Note that the proposed 
method does not require a particular surface reconstruction pipeline; any surface 
reconstruction pipeline can be used to generate cortical surfaces. In this work, we used 
FreeSurfer (Dale et al., 1999) for the adult population and the infant cortical surface 
reconstruction pipeline (Li et al., 2014a) for the early postnatal population.
3.2. Sulcal and Gyral Curve Extraction
We extract sulcal and gyral curves to segment the cortical surface into sulcal and gyral 
regions. To obtain the sulcal and gyral curves from the cortical surface, we use the automatic 
sulcal curve extraction method (Lyu and Kim, 2015) that detects concave regions along 
which sulcal curves are traced. We further extend the idea to gyral curve extraction by 
finding convex regions. The method follows two main steps:1) sulcal and gyral point 
selection and 2) curve delineation by tracing the selected sulcal and gyral points. Sulcal and 
gyral points are first determined by employing the line simplification method (Ramer, 1972; 
Douglas and Peucker, 1973) that prevents the cortical folding patterns from being 
significantly smoothed out. Sulcal and gyral curves are then connected as series of 
neighboring line segments. For the remainder of the paper, ζ denotes a set of the extracted 
sulcal and gyral curves. For better sulcal and gyral curve extraction performance, we use the 
pial and white matter surfaces, respectively. We then project the gyral curves onto the pial 
surface using a surface correspondence between the pial and white matter surfaces. Figure 
3a shows an example of the extracted sulcal and gyral curves on the pial surface.
3.3. Travel-time Map for Local Cortical Region Segmentation
An adaptive kernel can be obtained via wavefront propagation driven over a tensor field of 
the cortical surface. In order to define a tensor at any location of the cortex, the entire 
cortical surface segmentation (i.e., gyral crowns, sulcal fundi, and sulcal banks) is necessary 
since every cortical region has a different geometry. This can be achieved by computing a 
geodesic distance map between the extracted sulcal and gyral curves, which is equivalently 
modeled as wavefront propagation where the propagation speed is equal to 1 in every 
direction at ∀x ∈ Ω, i.e., travel-time between the sulcal and gyral curves. Note that this is a 
special case of the eikonal equation where F = 1 as discussed in Section 2. To compute a 
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travel-time map T from ζ to all the locations of Ω, the points ∈ ζ are assigned as sources of 
the wavefront propagation. By letting M = I in (1), with a boundary condition T (p) = 0 for 
∀p ∈ ζ, the speed function (2) becomes
F x, ∇T x∇T x = 1. (3)
For M = I, this simplifies the static H-J PDE (1) to
∇T x = 1. (4)
The solution provides a travel-time (geodesic distance) map T for all locations of the surface 
as illustrated in Fig. 3b.
3.4. Tensor Field
We compute a tensor field over Ω from T to guide the generation of the adaptive kernel. This 
kernel is designed to become more anisotropic as it reaches sulcal and gyral regions. The 
tensor field consists of two components: principal propagation directions and associated 
propagation speeds.
3.4.1. Principal Propagation Direction—In order to compute the tensor field, we 
need to first determine the two orthogonal directions along which the propagation is 
performed. The basic idea is to utilize the orthogonal and tangent directions to the sulcal and 
gyral curves. However, since these curves exist only along sulcal fundi and gyral crowns, we 
need additionally define these directions in non-curve regions. For this purpose, we use the 
iso-travel-time contours of T. This modeling issue can thus be addressed by finding shortest 
trajectories (orthogonal to the contours) of T between sulcal fundi and gyral crowns. As 
discussed in Sethian and Vladimirsky (2003), the shortest trajectory is computed by tracing 
characteristic directions rather than gradients for anisotropic equations. For the eikonal 
equation, however, the directions become coincident. Thus, as T encodes the minimum 
travel-times from the sources, we can compute the shortest geodesic trajectories along the 
gradient field ∇T.
For a given point x ∈ Ω, its two principal propagation directions v1(x), v2(x) are defined on 
the tangent plane by letting
v1 x =
∇T x




such that ∇T (x) ⊥ ∇T⊥ (x). v1 encodes the tangent direction to the geodesic trajectory 
between the corresponding sulcal fundus and gyral crown, and v2 represents the orthogonal 
direction to v1. In a triangulated mesh, we utilize the mean curvature normal approximation 
by minimizing the Dirichlet energy using Meyer et al. (2003), and a local gradient ∇T (x) is 
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then obtained by the weighted mean of the projected first-order directional derivatives 
(Zaharescu et al., 2009). Figure 3c illustrates an example of ∇T.
3.4.2. Principal Propagation Speed—The second modeling issue is to determine the 
speed associated with the principal propagation direction at two cortical region types: sulcal 
fundi/gyral crowns and sulcal banks. For the former type, it is desirable that the speed has 
minimum and maximum along v1 and v2, respectively, which yields an elongated kernel 
shape as a result. On the other hand, the speed needs to be the same along every direction in 
the sulcal bank to produce an isotropic kernel shape. For that purpose, a proper 
normalization of T is needed since locations at the middle of sulcal banks do not possess the 
same travel-time T; it varies at the sulcal depth of the corresponding sulcus. We thus 
normalize T from the sulcal and gyral curves to the middle of sulcal banks. At the end of 
this, both the normalized travel-time and its reciprocal form are used to define anisotropic 
speed along the principal propagation directions as well as to control the amount of its 
anisotropy. Therefore we bound the minimum normalized travel-time by η to control the 
speed without numerical degenerative conditions (0 < η ≤ 1).
Specifically, we first compute the maximum travel-time among the shortest trajectories 
passing through a given point and then normalize the travel-time at that point by the local 
maximum. Specifically, from a given point x ∈ Ω, its source sx ∈ ζ is obtained by tracing 
gradients over −∇T until T = 0 while holding T > 0 and T (x) > T (x − ∇T dx). This gives a 
label map of Ω that represents the source of any point ∈ Ω. Let DL(s) denote a region of Ω 
labeled by the same source s ∈ ζ, i.e., DL(s) = {x ∈ Ω|sx = s}. Similarly, the maximum 
travel-time through x is obtained by tracing over ∇T (DL(sx)) until it touches a boundary of 
DL(sx). The normalized travel-time map S is thus obtained via simple linear interpolation.
S x = 1 − η ⋅ T xTmax x
+ η, (6)
where
Tmax x = max
y ∈ DL sx
T y . (7)
Tmax(x) is the maximum travel-time along the shortest trajectory from the source through x 
and holds T (x) ≤ Tmax(x). Thus, the normalized travel-time map S captures the region types 
in an easy way; for example, S(x) = 1 if it belongs to the middle of a sulcal bank, as shown 
in Fig. 3d. We can now consistently assign S and S−1 to the speed associated with v1 and v2, 
respectively. They are reciprocal to each other to guarantee the amount of the propagation at 
any point in Ω is constant, which is equal to 1.
3.4.3. Tensor Matrix—From (5) and (6), the tensor matrix M x  is defined on the tangent 
plane as
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M x = S x ⋅ v1 x v1 x T + S x −1 ⋅ v2 x v2 x T . (8)
The tensor matrix M x  ultimately guides the spatial-varying wavefront propagation. We 
recall η is used to prevent M from being degenerative. The minimum bound η is thus 
employed as a regularization term. Furthermore, the static H-J PDE governed by (8) is 
convex because it holds the Lipschitz-continuity that bounds the propagation speed F such 
that 0 < η ≤ S ≤ F ≤ S−1 < ∞. As stated in Sethian and Vladimirsky (2003), therefore, the 
propagation converges to a viscosity solution at the bounded propagation speed F. Note that 
the speed tensor M becomes isotropic when η = 1.0. Figure 4 shows behaviors of the 
proposed kernel varying in η.
3.5. Adaptive Kernel and Local Gyrification Index
The adaptive kernel at x ∈ Ω is straightforwardly created by solving a static H-J PDE 
equipped with the proposed tensor matrix M (8). We use the cortical surface Ω to define the 
kernel specifically suitable to cortical folding while the kernel size is determined on the 
outer hull H. In this sense, the wavefront propagation is performed over Ω to create a cortical 
shape-adaptive kernel while the kernel is simultaneously projected by f onto the 
corresponding locations of H to determine the kernel size (see Fig. 5). Formally, the 
wavefront propagation guided by M is formulated via a static H-J PDE that satisfies the 
following equation with a boundary condition K(x) = 0 such that
∇K x ⋅ ∇K x
T
∇K x M x
∇K x
∇K x = 1. (9)
Once travel-time K is computed, we can create a kernel by tracing one of the iso-travel-time 
contours of K. We denote a bijective function between Ω and H by f : ℝ3 ⟶ ℝ3. Recall 
that f is established via a Laplace-based method so it is differentiable. To select a proper iso-
travel-time contour at x for the adaptive kernel creation, we project all the iso-travel-time 
contours of K onto H via f. Then, we pick a projected iso-travel-time contour such that the 
area contained by the contour over H is equal to some positive constant (typically, a user-
defined parameter). We assume that Ω is well defined with a valid parametrization 
represented by φ : ℝ2 ⟶ ℝ3 such that φ(u, v) = (x(u, v), y(u, v), z(u, v)) ∈ Ω. Given K and 
travel-time δ ∈ ℝ+, we formulate the corresponding area of H to the iso-travel-time contour 
(T = δ) as the following surface integral.
AH x; δ = ∬
DA x; δ
∂ f ∘ φ
∂u ×
∂ f ∘ φ
∂v dudv, (10)
where DA(x; δ) = {(u, v) ∈ ℝ2|K(φ(u, v)) ≤ δ}. Our resulting kernel is then determined by 
fixing the corresponding area of H by finding δ such that AH(x; δ) is equal to some constant 
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function ρ(δ) ∈ ℝ+. Once δ is obtained by solving (10), we can compute the surface area of 
Ω governed by δ as follows.





∂v dudv . (11)
From (10) and (11), the proposed local shape-adaptive gyrification index is then given by the 
area ratio
lGI x; ρ δ =
AΩ x; δ
AH x; δ
= 1ρ δ AΩ x; δ . (12)
The local surface area for each vertex is approximated by using barycentric cells in a 
triangulated mesh. Figure 5 shows the different kernels applied to the adult human cortex at 
ρ = 316 mm2.
4. Validation
The proposed local gyrification index is determined by two parameters η and ρ. We 
performed experiments on healthy control datasets and characterized the behaviors of the 
proposed kernel by varying η and ρ. In the experiment, we created pial cortical surfaces 
using the standard FreesSurfer pipeline (Dale et al., 1999). We evaluated the proposed 
method on the left hemispheres at a fine sampling of 163,842 points (uniform sampling in 
spherical parametrization via icosahedron subdivision) to evaluate performance of the local 
gyrification index in terms of reproducibility and sensitivity.
4.1. A Choice of Kernel Size
It is important to cover sulcal and gyral regions completely to capture sulcal folding 
appropriately. We computed the minimal kernel size from a given subject population. It is 
noteworthy that the outer hull squeezes the sulcal regions while leaving the gyral crown with 
subtle distortion because the correspondence to the outer hull is obtained by the Laplace-
based evolution. We thus focused on the outer hull area AH that corresponds to the sulcal 
fundi. To determine the minimal kernel size that fully spans a sulcal region (i.e., at least two 
gyral crowns), we compute AH for ∀x ∈ Ω belonging to the sulcal curves. Since cortical 
area varies across subjects, we normalized the kernel size with the average total cortical 
surface area over the population to remove the impact of overall cortical size.
We used the Kirby dataset on 21 healthy volunteers as described in Landman et al. (2011), 
available on NITRC. Scan-rescan imaging sessions with T1-weighted scans were acquired 
using an MP-RAGE sequence on the 21 subjects. To improve measurement accuracy, we 
used the average local gyrification index for each subject between the scan and rescan 
sessions. We chose ρ = 316.66 mm2 over the population to guarantee that the kernel size 
completely covers any sulcus in this subject population. Figure 6 and Figure 7 shows local 
gyrification indices using different kernel sizes. The proposed kernel captures the cortical 
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folding more adaptively especially using a small kernel size. Despite a high blurring effect 
with a large kernel, the proposed adaptive kernel provided comparable local gyrification 
indices over the entire cortex especially at the central or cingulate sulcus, for example.
4.2. Reproducibility
We evaluated the reproducibility of the proposed local gyrification index using a large set of 
scan-rescan data. A human phantom (male, age 26 at the start of this study) was scanned at 
the four different imaging sites, equipped with a Siemens 3T Tim Trio scanner (Siemens, 
Erlargen, Germany) for evaluation, at irregular intervals over the period of 2.5 years. The 
same scanning sequences were employed for all the MRI scans and 36 scans were acquired 
in total. We quantitatively evaluated the proposed method without and with the outer hull 
correspondence.
4.2.1. Local Kernel Shape—We first evaluated the kernel reproducibility itself without 
including the outer hull correspondence. For this purpose, we aligned all the cortical 
surfaces via a rigid alignment (Besl et al., 1992). We then computed a kernel with a fixed 
size on the pial surface and measured the average closest distance for every possible pair (36 
× 35 combinations in total) of the acquired kernel boundaries at the corresponding locations 
from different scans. Such extensive comparisons were made because no ground truth of 
boundary correspondence is available and the metrics are asymmetric (one-sided) in general. 
For each kernel size from 316 to 1, 264 mm2 with an interval of 316 mm2, we varied η =1.0, 
0.5, 0.2, and 0.1. The average closest distance over the entire cortex are summarized in Table 
1. The result revealed that the boundaries of the corresponding kernels were almost 
completely overlapping as measured by the average closest distance that differs less than a 
single triangle edge. This is due to the utilization of the discrete wavefront propagation 
whose boundary stops at a discrete vertex on the triangulated surface. In terms of the 
triangulated size of the pial surface (average edge length: 1.16 ± 0.46 mm), however, this 
implies that our approach was able to achieve an excellent reproducibility in computing the 
proposed kernel even at a high anisotropic speed η = 0.1. We note that the adaptive kernel is 
becoming more sensitive to the sulcal and gyral curve extraction method as η decreases and 
thus the average closest distance increases while the resulting reproducibility decreases.
4.2.2. Local Gyrification Index—We computed local gyrification indices using the 
conventional method (Schaer et al., 2008) and the proposed kernel. We varied the kernel area 
ρ on the outer hull from 316 to 1,264 mm2 with an interval of 316 mm2 for η =1.0, 0.5, 0.2, 
and 0.1. Since the local gyrification index is unitless, we used a coefficient of variation 
(CoV) to measure the percentage of its measurement error that quantifies how local 
gyrification indices vary across multiple scans. Figure 8 illustrates the reproducibility over 
the entire surface for the conventional and proposed methods. Although the reproducibility 
may be influenced by the surface correspondence f, the proposed local gyrification index 
achieved a comparable reproducibility to the conventional method for both the isotropic and 
anisotropic propagation. For the small kernel size (316 mm2), the conventional method was 
unstable, as expected, around the Sylvian fissure likely due to its deeply buried sheet 
whereas the proposed kernel provided a consistently high reproducibility even in this 
difficult-to-measure cortical area. We note that the isotropic propagation should be 
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considered as a lower bound of the proposed method as it does not take into account the 
sulcal and gyral curves for the local gyrification index computation. Table 2 summarizes the 
average coefficient of variation of the local gyrification index over the entire cortex at 
different anisotropic speed η. As expected, the local gyrification index has a slightly lower, 
but still better, reproducibility when using anisotropic propagation due to its increased 
sensitivity to the variability in the sulcal and gyral curve extraction. Since there is a trade-off 
between reproducibility and measurement accuracy, we empirically set η = 0.2 to more 
adaptively capture cortical folding, while keeping a comparable reproducibility to the 
conventional method.
5. Application to Brain Development in Early Postnatal Phase
In recent years an increasing number of studies have focused on cortical gyrification in the 
early postnatal period starting shortly after birth (the neonatal period) through 2 years of age. 
We focused on employing the proposed local gyrification index to study its relationship with 
several demographic effects. We investigated the following hypotheses:
1. Cortical gyrification dramatically changes in in the first two years of life and 
exhibits spatially distinct patterns of development.
2. The proposed method reveals novel patterns of associations between local 
gyrification measures and variables of interest (gestational age, age at scan, sex), 
especially in sulcal regions, than existing methods.
5.1. The UNC Early Brain Development Studies (EBDS)
This section briefly describes the EBDS dataset1 collected at the University of North 
Carolina at Chapel Hill.
5.1.1. MR Image Acquisition—Subjects were part of a large prospective study of early 
brain development in healthy singletons and twins (Gilmore et al., 2007; Knickmeyer et al., 
2008; Gilmore et al., 2010, 2012). Subjects were recruited prenatally and scanned shortly 
after birth, at age 1, and 2 years. MR Image were acquired on both a Siemens Allegra and a 
Siemens Timm Trio head-only 3T scanner (Siemens Medical Systems, Erlangen, Germany). 
Children were scanned during natural, unsedated sleep, fitted with ear protection and 
swaddled using a vacuum-fixation device to reduce head motion. T1-weighted structural 
pulse sequences were a 3D MP-RAGE (TR = 1,820 ms, inversion time = 1,100 ms, TE = 
4.38 ms, flip angle = 7°, resolution = 1 mm × 1 mm × 1 mm). Proton density and T2-
weighted images were obtained with a TSE sequence (TR = 6,200 ms, TE1 = 20 ms, TE2 = 
119 ms, flip angle = 150°, resolution = 1.25 mm × 1.25 mm × 1.95 mm). For neonates who 
were deemed likely to fail due to difficulty sleeping, a fast T2 sequence was done with a 
15% decreased TR, smaller image matrix and fewer slices (5,270 ms, 104 mm × 256 mm, 50 
slices).
1The Institutional Review Board of the University of North Carolina at Chapel Hill approved this study.
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5.1.2. Data Exclusion Criteria—Subjects were excluded if they met at least one of the 
following conditions: 1) gestational age at birth less than 32 weeks, 2) the length of stay in 
the neonatal intensive care unit greater than 1 day, 3) abnormality on MRI other than a minor 
intracranial hemorrhage, common in the neonatal period (Looney et al., 2007), 4) major 
medical or neurologic illness after birth, 5) high familial risk for schizophrenia and bipolar 
disorder. In the EBDS dataset about 30% of the entire population is at familial risk for 
psychiatric illness, as these subjects were specifically recruited as part of another line of 
research in the EBDS. In this study we only considered singleton subjects. Table 3 
summarizes the final dataset of subjects meeting the above criteria that were included in this 
study.
5.1.3. Surface Model Reconstruction and Local Gyrification Index—The 
surface models were reconstructed via the infant cortical surface reconstruction pipeline (Li 
et al., 2014a) and were resampled at 163,842 vertices via a standard icosahedron 
subdivision. The surface correspondence was established using the group-wise surface 
correspondence method (Lyu et al., 2013, 2015). In the morphological operation for the 
outer hull creation, we scaled the image size to the average adult human brain, resampled to 
a prior volume resolution (256 mm × 256 mm × 256 mm), performed the morphological 
operation in this adult normalized space, and then rescaled the resulting hull back to the 
original brain size. This approach ensures that the size of the morphological operator to 
close all major sulci can be kept consistent across all subjects (a sphere of 15 mm diameter 
used in this paper). Previous studies have further found that the operator size yields a 
negligible difference in hull definition when it is increased or decreased in size by as much 
as 50% (Kao et al., 2007; Schaer et al., 2008). Our method can thus be expected to be 
reasonably stable to variations in brain size and shape. Since the cortical surface area 
dramatically changes with age, we further regularized the kernel size based on two 
observations. First, the experimental results already revealed that the minimal kernel size 
fully spanning all the sulcal regions on the adult outer surface was roughly 316 mm2. 
Second, in order to take into account the inter-subject variability in cortical surface area, we 
adaptively rescaled the kernel size for each subject according to its corresponding age group. 
In the EBDS dataset the average cortical surface areas for neonates, 1-year-olds, and 2-year-
olds have scaling factors of 0.36, 0.6, 0.66 compared to an average adult cortical surface 
area, respectively. Specifically, for both left and right hemispheres, the average kernel size 
was 108 mm2 (r ≈ 5.9 mm), 180 mm2 (r ≈ 7.6 mm), 200 mm2 (r ≈ 8.0 mm) for neonates, 1-
year-olds and 2-year-olds, respectively.
5.2. Linear Mixed-Effects Model for the Longitudinal Study
We designed longitudinal linear mixed-effects models to investigate the association between 
cortical morphological change (local gyrification change) and several fixed effects in early 
childhood. The local gyrification index was used as a dependent variable Y, and the fixed 
effects were composed of 3 covariates: postnatal age at scan, sex, and gestational age at 
birth. The effects were tested via a longitudinal linear mixed-effects model computed in 
SurfStat2. For each subject i, the following linear mixed-effects models were fitted to our 
data, with Ui capturing estimates for the subject-specific random effects.
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Y i = β0 + βAgeAgei + βSexSexi + βGestGesti + Ui + εi, (13)
where ℇi is an error term. In the experiment, a standard false discovery rate (FDR) correction 
(Benjamini and Hochberg, 1995) was applied to correct for multiple comparisons for models 
in (13).
5.3. Findings of Early Morphometry
5.3.1. Cortical Gyrification in the Early Postnatal Phase—The statistical analysis 
revealed that local gyrification was highly associated with age as visualized in Fig. 9. Most 
cortical regions had a positive rate of change of cortical folding, whereas the deep sulcal 
regions such as central and cingulate sulci had almost zero (and even negative) rate of 
change. For the sex effect, male subjects showed persistently higher local gyrification in the 
visual cortex and right precentral sulcal region, whereas female subjects showed higher 
gyriffication in superior temporal, right inferior frontal lobe, and parieto-occipital sulcal 
regions, as shown in Fig. 10. For the gestational age effect at birth, the cortical gyrification 
changed asymmetrically in the left and right hemispheres as illustrated in Fig. 11. Overall, 
positive associations with the gestational age were revealed over most cortical regions while 
negative associations were found in the primary motor cortex and collateral fissure.
5.3.2. Comparison with FreeSurfer—The ability of the local gyrification index to 
reveal statically significant regions is a key feature in the population analysis. In this section, 
we computed three different local gyrification index measures using the proposed method 
with the isotropic and anisotropic propagation and FreeSurfer (Schaer et al., 2008). Fig. 12 
illustrates the average local gyrification index computed for different age groups. The same 
kernel size of 800 mm2 (r ≈ 16 mm) was employed for fair comparisons of age effects (see 
Fig. 13). Note that 800 mm2 at age 2 years is a regularized kernel size corresponding to that 
of the adult human brain as suggested by Schaer et al. (2008). Since the small kernel size of 
200 mm2 worked poorly under the FreeSurfer method (see Fig. 12), i.e., unstable statistics 
were revealed particularly around deep sulci as shown in Lyu et al. (2017) (see also Fig. 8 
for low reliability even on the adult brain), we only used the size of 800 mm2 for 
comparisons. The experiment revealed not only that the overall statistical significance over 
the cortical surface was comparable with FreeSurfer and isotropic propagation but also that 
the proposed local gyrification index achieved more refined results than FreeSurfer as the 
proposed index more adaptively captured local gyrification along cortical folds as shown in 
Fig. 13. Specifically, for the age effect, most sulcal regions showed positive associations 
with age in FreeSurfer, whereas negative associations were revealed in those sulcal regions 
by our method. For the sex and gestational age effects, although both methods had largely 
similar patterns of the statistically significant regions, the proposed method provided finer t-
value maps along cortical folds such as the central sulcus.
2SurfStat is a MATLAB toolbox for statistical analysis of cortical surface data employing random field theory for statistical inference 
(Worsley et al., 2009), publicly available at http://www.stat.uchicago.edu/faculty/InMemoriam/worsley/research/surfstat/index.htm
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6.1. Local Gyrification Index
Several metrics have been proposed to measure local cortical gyrification. The most 
common methods are based on an area ratio of the pial surface over the reference model 
(e.g., outer hull). Depending on the metric definition, the denominator could be either the 
reference model or the pial surface. Lebed et al. (2013) used an area ratio reciprocal to the 
one used in Schaer et al. (2008), for instance, so that a constant kernel over the pial surface 
captures cortical folding more uniformly. When considering cortical folding evolution from 
a zero order shape (Jerison, 1961; Elias and Schwartz, 1969), it is more plausible that the 
amount of cortical folding is measured from the outer hull. A main challenge with these 
conventional approaches was to find a proper kernel size to cover at least a single sulcus. 
Either a large kernel was used to guarantee complete coverage of deeply buried sulcal fundi 
such as the Sylvian fissure (Schaer et al., 2008) sacrificing sensitivity or a small kernel was 
used (Lebed et al., 2013) that cannot sufficiently cover a highly variable sulcus. Neither 
method appropriately captures the folding patterns across the entire cortical surface.
The proposed adaptive kernel improves sensitivity while appropriately capturing differently 
sized cortical folding regions. In contrast to the conventional approaches, the main idea of 
the proposed framework comes from the wavefront propagation over the pial surface and the 
Laplace-based correspondence between the pial surface and outer hull. In the conventional 
method (Schaer et al., 2008), the kernel was determined only on the outer hull, where local 
cortical folding is difficult to capture. Even with a kernel defined on the pial surface as in 
Lebed et al. (2013), a large kernel may be needed to span a deeply buried sulcus. To address 
issues related to kernel creation, the proposed kernel is determined by fixing the 
corresponding area to the outer hull, while the wavefront propagation is performed over the 
pial surface to create a cortical shape-adaptive kernel that captures the local cortical shape. 
Thanks to the Laplace-based correspondence between the pial surface and the outer hull, 
cortical folding is represented consistently on the outer hull. This renders our method less 
sensitive to sulcal depth and width as the area of the sulcal fundus is quite small relative to 
its neighboring gyral regions during the computation of the corresponding outer hull area. 
This consequently enables the computation of a local gyrification index along sulcal fundi 
with the anisotropic kernel, providing a more localized measurement as shown in Fig. 6. 
Furthermore, compared to the isotropic propagation, the local gyrification index can be 
refined along sulcal fundi and gyral crowns via the proposed anisotropic propagation. For 
instance, Figure 6 shows that the isotropic propagation produces overly smoothed local 
gyrification indices at the gyral junction between the central and middle frontal gyrus, which 
can be improved via the anisotropic propagation. Also, the anisotropic propagation better 
quantifies the average gyrification indices along the cingulate sulcus even with the large 
kernel size.
6.2. Cortical Shape-Adaptive Kernel
The proposed shape-adaptive kernel can be defined anywhere on the cortex, so it does not 
require any particular interpolation scheme to assign a local gyrification index for a given 
location in contrast to Schaer et al. (2008); Lyu et al. (2016). However, there are two major 
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issues in the proposed kernel computation related to parameter choice: the amount of 
anisotropy and the kernel size. As shown in our experiments, there is a trade-off between 
sensitivity and reproducibility with respect to anisotropy. In terms of sensitivity, cortical 
folding is better quantified with a higher anisotropic speed, which adaptively captures 
cortical folding along sulcal fundi and gyral crowns. On the other hand, using a kernel with 
higher anisotropy is more sensitive to the quality of the sulcal and gyral curve extraction as 
these curves are the source of the wavefront propagation though it maintains a 
reproducibility level comparable to that of the conventional method. We note that the 
conventional method evaluates its local gyrification index within a spherical region that is 
not of exactly the same disc region at the corresponding location as the intersecting region of 
the outer hull is usually larger than the corresponding disc region, which leads to a higher 
blurring effect on the measurements with loss of sensitivity, as pointed out in Schaer et al. 
(2008). We suggested an anisotropic speed based on the experiment, yet depending on the 
application, the user can choose alternative parameters to leverage sensitivity and 
reproducibility.
Another issue is to find the proper kernel size. A large kernel tends to smooth out cortical 
folding patterns as already demonstrated in several studies. In this work, we used the 
minimal kernel size that completely covers any of the sulcal fundi. In the experiments on the 
Kirby dataset, there is a visible blurring effect of cortical folding measures in several sulcal 
regions, and such a blurring effect is emphasized as the anisotropic speed becomes isotropic. 
In the present study, that effect is rarely avoidable when using a fixed kernel size across the 
entire surface due to the variable nature of cortical folding. Though, with the incorporation 
of the anisotropic wavefront propagation, the blurring effect can be reduced by minimizing 
the influences of the neighboring sulci. It would be interesting to study if an optimal size 
could be adaptively determined based on its neighborhood. One way to do so would be to 
use the spatial information of sulci and gyri where the adaptive kernel size can be computed 
based on the neighboring gyral and sulcal curves, similar to Lyu et al. (2016). This approach 
looks promising, but the adaptive kernel size may need to be justified at any point rather than 
just at sulcal and gyral locations.
There is a single parameter for the sulcal and gyral curve extraction: the tolerance for 
candidate point filtering in the line simplification. This quantity controls the representation 
level of the sliced contour at each candidate point, i.e., the deviation between the simplified 
and original contours. This tolerance value typically shows a similar behavior compared to 
the choice of sulcal depth thresholding. Depending on a tolerance quantity, the number of 
the selected sulcal and gyral points varies; the smaller tolerance, the more sulcal and gyral 
curves are computed. A small tolerance could yield an overestimated travel-time map since 
additional, shallow sulcal and gyral regions are considered. Although this could result in a 
different gyrification index map particularly on minor sulcal and gyral branches, the overall 
local gyrification index map can be consistently represented in the primary cortical folding 
regions even with a large tolerance value. From a morphological perspective, shallow 
regions have gyrification index measurements nearly equal to 1, which implies that the 
propagation type may not considerably affect the resulting gyrification index.
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In addition to these parameter choices, a tensor singularity can happen at a single point in 
the junction region where multi-curves cross each other. However, in the experiments, we 
observed that the number of such points was small enough on the appropriately tessellated 
surface (typically, less than 0.5% out of 160k vertices). Most importantly, these locations 
have a negligible influence on the resulting kernel shape as their associated tensors yield 
infinitesimal displacements at the locations during the wavefront propagation.
6.3. Computational Issues
There are several computation issues with the proposed kernel creation. First, it is generally 
time-consuming to compute a local gyrification index for each vertex on the pial surface; for 
each hemisphere with 160k vertices, it takes about 6 hours and 17 hours on a single thread 
(Intel Xeon E5–2630 2.20GHz) at ρ = 316 mm2 and 1, 264 mm2, respectively. However, 
such an issue can be handled by a uniform (or shape-adaptive) sampling over the cortical 
surface to reduce redundancy in overlapping regions that produce almost the same index as 
their neighboring vertices. The proposed method is of a high scalability including curve 
extraction, so this can be alternately addressed by parallelizing the entire processing to 
simultaneously (independently) handle each vertex.
Second, although sulcal and gyral curves in this work were employed as the source of the 
anisotropic propagation, other information could be used for the travel-time computation. 
The proposed approach is versatile; one can also incorporate sulcal depth or local curvature 
as potential candidate sources for the travel-time map computation for example.
Finally, the proposed processing was performed over the discretized surface model from 
which numerical errors arise. For the surface models we used in the experiment, the average 
errors in the reproducibility were less than the average edge length (1.16 ± 0.46 mm), which 
was acceptable relative to the original MR image resolution (1 mm×1 mm×1 mm). However, 
this error could be reduced by further approximation of the wavefront propagation at each 
triangle using a barycentric (or any valid interpolation) technique, which could result in 
more stable and reliable measurements.
6.4. Cortical Development in the Early Postnatal Phase
Overall, the statistically significant regions revealed by the proposed local gyrification index 
were roughly in agreement with those of existing methods, while the regions themselves 
were more refined along local cortical folding, displaying far more detail than existing 
methods. Additionally, the experimental results from analyses investigating the associations 
with postnatal age at scan, sex, and gestational age using the proposed method revealed 
several interesting findings.
First, most cortical regions have both positive and negative associations with age. This 
observation differs from both Li et al. (2014b) and FreeSurfer that the local gyrification 
index increases across the entire cortex with age (showing only positive associations with 
age), whereas our refined analysis revealed that several regions, such as the central motor 
and cingulate sulci, show negative associations with age during the first two years of life. 
From a biological perspective, negative associations between postnatal age and local 
gyrification index may be related to differential growth rates across the cortex in which deep 
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cortical folding in some regions is already apparent at an early age, while the width between 
gyral crowns increases over time, yielding a reduction in the gyrification index in those 
regions. From a methodological perspective, the main reason for the difference between our 
study and Li et al. (2014b) is due to the sulcal folding-adaptive quantification for the 
localized analysis where a smaller kernel size is used in the proposed method.
Second, we found that several cortical regions exhibited statistically significant sex and 
gestational age effects during early brain development. Few studies have focused on the 
effects of sex and gestational age on cortical gyrification, and to our knowledge, their impact 
on cortical developmental trajectories still remain unclear in the early postnatal phase. 
Despite the gap in the literature, associations between sex and gyrification may be reflective 
of sexually dimorphic brain volume changes during the early postnatal period (Gilmore et 
al., 2007). It has also been shown that gestational age is a predictor of brain volumes in this 
age range (Knickmeyer et al., 2016), and thus the relationship between local gyrification and 
gestational age is likely mediated by brain size. Our proposed method offers the opportunity 
to probe such associations further, by providing the ability to study how gyrification 
measures develop across the cortex in a fine-tuned manner that has not been afforded by 
standard methods for computing measures of cortical gyrification to date.
7. Conclusion
In this paper, we proposed a local gyrification index using a novel cortical shape-adaptive 
kernel computed via wavefront propagation over the cortical surface. In contrast to a simple 
geodesic or nearest neighborhood ring-based kernel, the proposed kernel is adaptively 
elongated along the cortical geometry. The proposed kernel is well formulated by a static H-
J PDE with a sufficient condition that guarantees a unique viscosity solution to our specific 
problem. Sulcal and gyral curves serve as the source of the wavefront propagation to create a 
travel-time map. The proposed kernel is then guided over the gradient field computed by the 
travel-time map.
In our experiments, we show that the proposed computation achieves highly reproducible 
kernels even for in case of highly anisotropic kernels, as well as a reproducibility of the local 
gyrification index comparable to the conventional method. Finally we show that the resulting 
local gyrification index measures are close to the ground truth in both shallow and deep sulci 
using simulation data. For an appropriate shape-sensitivity and reproducibility, we also 
propose a proper kernel size and anisotropy. The results showed that the proposed kernel 
adaptively captures local folding patterns in a scan-rescan human dataset for both small and 
large kernel sizes. Moreover, we presented an application to quantify cortical morphological 
development in the early postnatal phase, in which a linear mixed-effects model revealed 
age, sex and gestational age at birth associations with cortical gyrification indices.
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Appendix A.: Evaluation of Simulated Cortical Folding
Due to the high variability in cortical folding, it would be computationally expensive and 
difficult to model every possible sulcal folding pattern and determine the kernel size that 
fully contains a single sulcal fundus and gyral crown. For simplicity, we simulated such an 
ideal scenario for numerical validation, in which the gyral crowns are parallel to the sulcal 
fundi and symmetric at the sulcal fundus. To create a simple cortical folding model, we 
started with an implicit plane in the x- and y-parametric space in ℝ2 given by (x, y) ∈ [−∞, 
∞]× [−0.75, 0.75]. We then applied a sine wave (amplitude = a/2 and wavelength = 1/2) 
over such a domain to obtain a sine-waved plane F:
F x, y = a2 −cos 2π 2y + 1 − 1 . (A.1)
This gives three identical sulci having the same depth a (see Fig. A.14a). We then modified 
the magnitude of the middle sulcus y ∈ [−0.25, 0.25], while fixing a = 1 for the others to 
simulate two different scenarios: shallow (a = 0.5) and deep (a = 2.0) sulci. A line integral 
was performed along the sine wave to compute the ground-truth local gyrification indices of 
shallow, deep, and neighboring sulci, respectively: 2.30, 8.11, and 4.19. To evaluate the 
proposed kernel independent of a surface correspondence method, we used (x, y, F (x, y)) as 
a corresponding point to (x, y, 0) on the parametric space. We selected the gyral and sulcal 
points as the sources of the propagation by finding the extreme points of F. The propagation 
was then performed at the origin of the plane (0, 0, F (0, 0)). As decreases, it took longer 
propagation time to reach two neighboring gyral crowns, (0, 0.25, 0) and (0, −0.25, 0), 
proportional to − log η/(1 − η), whose resulting kernel thus spans more surface area (see 
Appendix B for details). Figure A.14 shows the two shallow and deep sulci generated by (A.
1).
To examine local gyrification index change over η, we measured it on the simulated cortical 
folding shape for every areal interval proportional to the standardized propagation area, in 
which the kernel touches the two neighboring gyral crowns. In Fig. A.15, the local 
gyrification index becomes closer to the ground truth as η decreases due to its increasing 
anisotropic speed along the sulcal fundus. We further increased the kernel size to almost 
fully cover the two neighboring sulcal fundi. The local gyrification index became decreasing 
as the neighboring sulcal fundi increasingly influenced the local gyrification index. For both 
shallow and deep sulci, the local gyrification index changes slowly as η decreases. This 
implies that the anisotropic propagation computed the local gyrification index in a more 
cortical shape-adaptive way than the isotropic propagation.
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Simulated equally-spaced (a) identical, (b) shallow, and (c) deep sulci with their normalized 
travel-time maps: sulcal fundus and gyral crown (blue) or sulcal bank (red). The neighboring 
sulci are identical with the same depth (a = 1.0). The sulcal and gyral regions are selected by 
finding extreme points as sources of the wavefront propagation The travel-time map is 
normalized with respect to the spatial information over the cortical surface.
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Local gyrification index of the sine-waved plane in two different simulated scenarios: (a) 
shallower and (b) deeper sulci than the neighboring ones (see Fig. A.14). The ground truth 
values for both scenarios are shown by dashed line. The local gyrification indices are 
assessed on the two simulated sulcal depths. When the proposed kernel touches two gyral 
crowns (standardized area = 1), it gets closer to the ground truth as η decreases (higher 
anisotropic speed). Since the two neighboring sulcal fundi are deeper than the sulcus being 
evaluated, the gyrification index increases as the propagation covers more area of the 
neighboring fundi (left), whereas the gyrification index constantly decreases since the 
neighboring sulcal fundi are shallower than the sulcus being evaluated (right).
Appendix B.: Travel-time of Simulated Symmetric Cortical Folding
Consider total travel-time from a sulcal fundus to its neighboring gyral crowns (see Fig. A.
14a). The wavefront propagation thus begins at the sulcal fundus of x such that T (x) = 0. We 
denote the length of its trajectory to the gyral crown by l with a linear parametrization of t ∈ 
[0, l]. This encodes that, for example, t = 0 corresponds to the sulcal fundus and t = l to the 
gyral crown. From (6), the travel-time along the gradient directions v1 is obtained by the 




1 − η l/2 − t − l/2l/2 + η
dt . (B.1)


















1 − η t + ηdt = − l
logη
1 − η .
(B.2)
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This implies the minimum travel-time to reach the neighboring gyral crowns from the sulcal 
fundus given a length of the trajectory between them.
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• A cortical shape-adaptive kernel is proposed to quantify cortical folding 
patterns.
• The proposed method captures cortical folding in a biologically relevant way.
• A novel local gyrification achieved a high reproducibility in multi-scan 
dataset.
• Novel refined positive and negative age associations were found on cortical 
regions.
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Different kernel shapes with the same area on the adult brain: (a) Euclidean sphere 
intersection, (b) equidistant geodesics on the surface, (c) the proposed cortical shape-
adaptive kernel. As the kernel size increases, the conventional kernel shapes are likely to 
cover multi-sulcal (gyral) regions than the proposed kernel (the color indicates iso-contours).
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A schematic overview of the proposed pipeline. 1) The cortical surface is reconstructed from 
an MR image, and the outer hull is computed from the cortical surface. 2) Sulcal and gyral 
regions are segmented as sulcal and gyral curves. 3) The entire cortical regions are 
segmented by computing geodesic distance (equivalently, travel-time) between the sulcal 
and gyral regions. 4) A tensor field is estimated from the travel-time map at every location of 
the surface. 5) The cortical shape-adaptive kernel is created by performing the wavefront 
propagation over the tensor field.
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An overview of the tensor field computation. (a) Sulcal (red) and gyral (blue) curves are 
automatically extracted from the cortex for sulcal and gyral region segmentation. (b) For 
entire region segmentation, travel-time from the curves to every vertex is computed by 
solving the eikonal equation. (c) A gradient map of the travel-time map is obtained in the 
tangent space of the cortex. (d) The travel-time map is normalized to consistently capture 
cortical properties: sulcal fundus and gyral crown (blue) or sulcal bank (red).
Lyu et al. Page 28














Two different types of synthetic normalized travel-time maps S on the plane and their kernel 
shapes with a constant area by varying η. The respective travel-time maps are obtained from 
the middle horizontal (top) and marginal horizontal (bottom) sources (blue). The kernel is 
created at the center of the map as a source point. The kernel is adaptively elongated faster 
as η becomes smaller (top), whereas the kernel remains as isotropic as possible even with a 
small value of η (bottom). From the second to fourth columns, the color indicates iso-
contours over time.
Lyu et al. Page 29














Kernels at an arbitrary example sulcal point on the same subject surface using different 
approaches with a fixed area on the outer hull ρ = 316 mm2. The disc kernel (intersection of 
the outer hull and the sphere) is obtained in FreeSurfer (left). The proposed kernel can be 
obtained with different regularization factors: isotropic (η = 1.0, middle) and anisotropic (η 
= 0.5, right) propagation. The color indicates iso-contours over time.
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The average local gyrification index on the Kirby dataset in the lateral and medial views. 
The sulcal folding patterns are well captured by the isotropic (middle) and anisotropic (right) 
kernels. The sulcal fundi and gyral crowns are more adaptively captured in the anisotropic 
kernel, whereas several folding patterns (e.g., precentral gyrus or superior temporal sulcus) 
are smoothed out in the isotropic kernel at proposed local size (top). Even with a large 
kernel, the folding patterns are better revealed by the anisotropic kernel than by that of 
FreeSurfer or the isotropic kernel (bottom). The inflated surface is used for better 
visualization. The area of 1,264 mm2 corresponds to approximately a circle with a radius of 
20 mm, which is a typical size of the kernel used in the FreeSurfer method.
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An example of the proposed gyrification index on an individual cortical surface using 
varying kernels sizes (a-d). Overall cortical folding patterns are captured in both small and 
large kernels. The local cortical folding patterns are better represented along sulci and gyri 
by the small kernel.
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Reproducibility of the conventional and proposed methods. The reproducibility is measured 
by coefficient of variation (CoV). Overall, the proposed kernel-based local gyrification index 
achieves a comparable or better reproducibility to the conventional method for both small 
and large kernel sizes. The isotropic kernel shows a higher reproducibility as its 
measurement is not influenced by curve extraction errors unlike the anisotropic kernel. The 
inflated surface is used for better visualization.
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The age effect on cortical gyrification. Most cortical regions have positive associations of 
cortical gyrification over ages (shown here t-value maps before (left) and after (right) 
correction (q < 0.05)). Deep sulcal regions such as central and cingulate sulci have negative 
associations.
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The sex effect (red: male, blue: female) on cortical gyrification with t-value maps before 
(left) and after (right) correction (q < 0.05). The female subjects show higher gyrification in 
the right superior temporal lobe, whereas the male subjects show higher development in 
primary motor.
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The gestational age effect at birth on cortical gyrification with t-value maps before (left) and 
after (right) correction (q < 0.05). Most cortical regions have positive associations of cortical 
gyrification over ages, whereas negative associations are shown in the primary motor cortex 
and collateral fissure.
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Comparison: the average local gyrification index using two different kernel sizes ((a) small 
kernel: 200 mm2 (r ≈ 8 mm) and (b) large kernel: 800 mm2 (r ≈ 16 mm) at age 2 years). The 
FreeSurfer method is unstable in large sulcal regions using the small kernel while the overall 
measurements are widely blurred with the large kernel. The isotropic and anisotropic 
propagation-based methods overall capture similar cortical folding patterns. The inflated 
surface is used for better visualization.
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Comparison: associations with demographic effects using large kernel size (800 mm2 (r ≈ 16 
mm) at age 2 years). The FreeSurfer method captures overall blurred measurements across 
the entire cortex, whereas the proposed method provides refined measurements in a more 
adaptive and detailed way along the sulcal folding. In addition, even with a large kernel size, 
the proposed gyrification index has similar patterns to that with the small kernel size (see 
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Fig. 9–11). Higher t-values of the developmental effects are observed in the anisotropic 
propagation than the isotropic propagation while their overall patterns are quite similar.
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Table 1:
Average closest distance of the adaptive kernel in the multi-scan dataset (unit: mm). The proposed adaptive 
kernel achieves a high reliability (i.e., low distance measures) even for large kernels at high anisotropy in 
terms of triangulated size, given that the triangle edge length is 1.16 ± 0.46 mm.
Area Radius η = 1.0 η = 0.5 η = 0.2 η = 0.1
316 mm2 10 mm 0.56 ± 0.19 0.65 ± 0.21 0.71 ± 0.23 0.73 ± 0.24
632 mm2 14 mm 0.66 ± 0.22 0.78 ± 0.24 0.85 ± 0.26 0.88 ± 0.27
948 mm2 17 mm 0.72 ± 0.23 0.85 ± 0.26 0.94 ± 0.28 0.97 ± 0.29
1,264 mm2 20 mm 0.76 ± 0.24 0.91 ± 0.26 1.01 ± 0.29 1.04 ± 0.30
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Table 2:
Coefficient of variation of the local gyrification index in the multi-scan dataset (unit: %). Overall, the proposed 
method achieves a higher reliability than the conventional method. The proposed local gyrification index 
exhibits a slightly lower (but still comparable) reproducibility for highly anisotropic kernels (eta = 0.1) due to 
expected variability and errors in the sulcal and gyral curve extraction.
Area Radius FreeSurfer η = 1.0 η = 0.5 η = 0.2 η = 0.1
316 mm2 10 mm 7.17 ± 7.84 3.64 ± 1.57 4.16 ± 1.49 4.78 ± 1.60 5.21 ± 1.79
632 mm2 14 mm 4.87 ± 2.12 2.67 ± 1.05 3.18 ± 1.04 3.74 ± 1.17 4.13 ± 1.38
948 mm2 17 mm 3.93 ± 1.65 2.31 ± 0.89 2.76 ± 0.88 3.26 ± 1.00 3.61 ± 1.19
1,264 mm2 20 mm 3.11 ± 1.29 2.13 ± 0.79 2.52 ± 0.80 2.96 ± 0.92 3.28 ± 1.09
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Table 3:
Population statistics of the Early brain development studies (EBDS) dataset used in this study.
Scans Total number Male Female Age (days) Age range (days) Gestational age (days)
Neonate 178 88 90 20.89 ± 9.50 6–68 275.27 ± 11.29
1 year 85 44 41 385.27 ± 22.84 343–481 273.36 ± 11.86
2 years 76 44 32 746.54 ± 25.03 693–827 272.62 ± 14.04
Total 339 176 163 - - 274.20 ± 12.12
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